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Introduction
The potential role of bioenergy in the recent food price increase has sparked lively debate and controversy concerning the contribution of biofuels to food commodity price developments. On the one hand, international organisations, such as the World Bank, the FAO, and the OECD, argue that biofuels were an important factor leading to higher food prices (Mitchell, 2008; FAO, 2008; OECD, 2009 ). On the other hand, the EU and US policy executives play down the importance of biofuels in the recent food price developments. For example, the USDA agrees that the biomass demand for biofuels has an impact on food commodity prices, but argues that it is not a major factor (Reuters, 2008) . Similarly, the European Commission acknowledges that energy prices affect food commodity prices through the indirect input channel by increasing the cost of inputs, such as nitrogen fertilisers and transport costs. However, the European Commission argues that the impact of biofuels is rather small (European Commission, 2008) .
Price volatility has similarly increased in energy and agricultural commodity markets, which raises the question about the links between fossil energy and agricultural commodity prices. Three types of approaches have been followed in the literature. First, cointegration analyses are performed to estimate the long-run relationship between fuel and biomass prices (Campiche et al., 2007; Yu et al., 2006; Hameed and Arshad, 2008; Imai et al., 2008) . The main shortcomings of these reduced-form empirical studies are that they do not provide a theoretical basis about the relationship, and they do not identify price transmission channels. Secondly, theoretical models are developed to identify and understand the channels of adjustment between agricultural, bioenergy and energy markets (Gardner, 2007; de Gorter and Just, 2008 , Saitone et al., 2008 . This strand of literature is relatively new and only few theoretical models exist to date. Thirdly, partial and general equilibrium (CGE) models have been developed to simulate the interdependencies between agricultural, bioenergy and energy markets (Arndt et al., 2008; Hayes et al., 2009; Birur et al., 2008; Tokgoz, 2009) . The main disadvantage of the CGE approach is that the simulated effects largely depend on calibrated or arbitrary assumed price transmission elasticities. No study to date combines theoretical underpinnings with empirical evidence in a unified framework, which is the main purpose of this paper.
The objective of this paper is to theoretically and empirically examine the interdependencies between the energy, bioenergy and agricultural markets. Our theoretical model (section 2) builds on the models developed by Gardner (2007) and de Gorter and Just (2008, 2009) , which develop a vertical market integration model of ethanol, by-product and corn markets. Our study contributes to the literature by including the indirect input channel of price transmission between food and biofuel prices in the model. Our second contribution is to analyse price transmission not only for agricultural commodities directly used but also for those commodities not employed in biofuel production. The theoretical model's results are verified in a simulation analysis.
Our empirical approach (section 3) is based on cointegration analysis (Johansen, 1988; Johansen and Juselius, 1990) . We examine the long-run relationship between crude oil and agricultural commodity 3 prices by estimating an error correction model. We firstly tested the ten price series for stationarity using the Augmented Dickey-Fuller and Phillips Perron tests. Based on the unit root test results we tested for cointegrating vectors among the nine agricultural commodity price series and crude oil price. Finally, in order to identify a structural model and determine whether the estimated model is reasonable, we performed innovation accounting and causality tests on the estimated error-correction model.
In line with theoretical predictions, our empirical estimates show that the transmission between the oil price and the agricultural commodity prices mainly occurs through the biofuel channel. Contrary to theoretical predictions, the empirical analysis suggests that the price transmission for the indirect input channel is small and statistically insignificant. The Granger causality test results suggest a long-run unidirectional causality from the oil price to agricultural commodity prices. However, the tests deny the presence of a similar relation in the opposite direction.
Theoretical framework

Bioenergy models in the literature
Several models have been developed for studying the effect of biofuels on agricultural markets.
Gardner (2007) developed a vertical market integration model of ethanol, by-product and corn
markets to analyse the effects that corn and ethanol subsidies have on welfare in the US. The main shortcoming of this model is that the ethanol market is modelled separately from the aggregate fuel market (fossil fuel and biofuels). The price transmission between fuel and corn depends crucially on the assumption about the cross-price elasticity between fuel and ethanol.
De Gorter and Just (2008, 2009 ) extended the Gardner's model by incorporating ethanol in the aggregate fuel market. The price transmission between fuel and corn is effectuated through the demand for corn in ethanol production and occurs when the fuel price is high enough and/or when the corn price is low enough, ensuring that corn-based ethanol production is more profitable than corn for food use. 4 Saitone et al, (2008) also focused on the US ethanol/corn sectors and income distribution effects of ethanol subsidies. They showed that market power upstream in the input market and downstream in the corn-processing sector may constrain price transmission between ethanol and corn.
Although innovative, these models contain important methodological shortcomings. In particular they fail to account for some key inter-linkages present in the fuel-biofuel-food markets. First, all three models described above show that the price transmission from fuel to agricultural markets is effectuated only through the demand for agricultural commodities in biofuel production. They do not consider the indirect input channel. In reality, fuel is an important input in agricultural production, such as diesel, fertilisers and pesticides; hence it affects agricultural prices through the agricultural 4 production costs. Ignoring this effect may lead to upward bias in estimates of biofuel expansion on agricultural prices. Second, all three models only consider one agricultural commodity (i.e. that used for biofuel production). With multiple commodities, the derived effects may change and the fuel market may affect not only biomass crops, but also those commodities, which are not directly used in biofuel production.
The model
The present study builds on models developed by Gardner (2007) and of de Gorter and Just (2008, 2009 ) and introduces two important extensions. First, to account for cross-commodity price effects, we introduced two agricultural commodities: one suitable for biofuel production (referred to as 'biomass') 5 and one not suitable for biofuel production (referred to as 'food'). Second, we consider the price transmission also through the input channel by explicitly modelling the agricultural input markets. Furthermore, to take into account the international price linkages, we have not focussed on a particular region but the model is for the world market in general.
The world economy is assumed to consist of vertically integrated agricultural, biofuel, fossil fuel, byproduct, and input markets. We assume that the representative farm can substitute between producing two agricultural commodities (biomass and food) using constant returns to scale production functions of two substitutable inputs: fuel and other inputs (referred to as 'land'). Biomass output can be supplied to both food and biofuel markets whereas food commodity can only be supplied to the food market. The biofuel sector uses biomass to produce biofuels and by-product. The aggregate fuel market is a sum of biofuel and fossil fuel.
We firstly considered the agricultural sector. The representative agricultural farm is assumed to maximise a standard profit function which is the difference between sales revenue from biomass and food commodity and cost expenditures on land and fuel:
(for i = AB, AN), implying the following equilibrium conditions:
where Q is production function, N is non-fuel input (land), K is fuel input, p is farm output price, w is land rental price, and r is fuel price. The indexes AB and AN stand for biomass and food commodity, respectively. Equations (1) and (2) describe the marginal conditions for land and fuel inputs, respectively. Solving equations (1) and (2) yields farm input demand and output supply of agricultural commodities as a function of output and input prices.
We then considered biofuel production. We assumed a constant Leontief transformation technology in the biofuel sector with the constant extraction coefficient denoted by  . Each biomass unit results 5 Note that we have considered the case where the agricultural commodity suitable for biofuel production may be used for both food and biofuel production. We have named it biomass to simplify the text.
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in  units of biofuel. Additionally, biofuel production yields feed by-product,  , measured in terms of feed quantity per unit of biomass. To simplify the analyses, we assumed constant value of unit processing costs (adjusted for the mark-up), c , incurred to biofuel production from one unit of biomass. Therefore, biofuel profitability is determined by both biomass and by-product prices net of processing costs. The possibility to use biomass for both food and biofuel productions implies that The market equilibrium conditions can be summarised as follows: (equation 3b). Equation (4) represents the equilibrium condition for food commodity by equalising farm supply and demand on the food market. The food commodity is not affected directly by biofuels because of the assumption that it is not suitable for biofuel production. However, the food commodity supply is affected indirectly through the biofuels impact on input prices, which alters the food commodity's production costs. Equations (5) and (6) determine the equilibrium on land and byproduct markets, respectively. Biofuels may induce land market adjustments by affecting farm profitability and therefore alter agricultural demand for land. Equation (7) is the clearing condition for the aggregate fuel market, where
Price interdependencies
In order to understand the price transmission channels of energy, bioenergy and agricultural markets, we performed numerical simulations (see Appendix).
8
We used global agricultural, biofuel and fuel market data for 2007 to calibrate the model (see Table 1 ). According to the data, the share of biofuels for the total world fuel production is less than 1% using approximately 1.6% of the world's arable land area. The agricultural fuel consumption share and the biomass output share used for the biofuels is around 3.3%.
We analysed price transmission for two scenarios. First, we assumed zero biofuel production. In this case, the model is calibrated to the world agricultural and fuel data, with biofuel production set to zero (S B = 0). In the second scenario we performed positive biofuel production simulations (S B > 0).
9
Price transmissions may occur in two directions: from fuel to agricultural prices and vice versa. In both directions price signals are transmitted through two channels: an indirect input channel and a direct biofuel channel. The indirect input channel affects farm production costs on the agricultural market and agricultural fuel demand has an impact on the fuel market. The direct biofuel channel interacts through biofuel demand for agricultural commodities on the agricultural market and by altering biofuel production costs on the fuel market.
Fuel to agriculture price transmission
To identify the price transmission from fuel to agriculture, we introduced an exogenous shock to the non-agricultural fuel demand.
10 Table 2 reports the calibrated transmission elasticities from the fuel 8 In numerical simulations we assumed the Cobb-Douglas production function in agriculture and constant elasticity of substitution supply and demand functions. 9 As usual, for all scenarios we performed sensitivity analyses by varying model parameters (see Appendix).
10 In reality adjustments of both supply and demand sides in the fuel market have implications on agricultural markets. The supply side adjustments include effects such as changes in productivity and technology, changes in oil reserves, etc.
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price to agricultural prices, 11 with and without biofuel production (columns 9-12) and for different model parameters values (columns 2-8).
12
The price transmission elasticities were positive for both commodities and with and without biofuel production.
13
The transmission elasticities were (more than two times) greater with biofuel production (columns 10 and 12) than without biofuel production (columns 9 and 11), because in the former case both price transmission channels were present, whereas in the latter case only the indirect input channel was present. In the absence of biofuel production, the fuel price rise is transmitted to agricultural markets by increasing agricultural production costs and by reducing commodity supplies. As a result, the prices for both agricultural commodities rose, implying positive price transmission elasticities.
With biofuel production, price transmission occurs through both the direct biofuel channel and the indirect input channel. First, as before, because of higher fuel costs, the supply of both agricultural commodities reduced (indirect input channel) causing their prices to rise. Second, the demand for biofuel pushes the prices up further (direct biofuel channel). The direct biofuel channel affected biomass and food commodity prices differently. The biomass price increased due to the direct biofuel channel because of biomass demand in biofuel production. The price for food commodity increased because the use of biomass in biofuel production increased competition for all inputs, thus pushing input prices up and causing a further upward adjustment of food commodity price. Both price transmission channels, imply a positive relationship between fuel and food prices. Table 2 ), because agricultural production costs are more affected by fuel when it constitutes a larger share in the agricultural cost structure. Models 2 and 3 showed that the price transmission elasticities decreased food demand elasticities because a higher demand elasticity implies less agricultural price responsiveness to supply change. Note that, in a special case when food demand is perfectly elastic, agricultural commodities price would not be affected by the fuel price (not shown in Table 2 ). Similarly, price transmission elasticity decreases with land supply elasticity (model 6). Higher land supply elasticity implies greater land availability, allowing land to
The demand side adjustments include, among others, the economic growth and the induced change in energy requirement, changes in consumption patterns (e.g. shift to more fuel-efficient cars), etc. 11 We calculated the elasticities by dividing the simulated percentage change of agricultural commodity price by the simulated fuel price percentage change.
12 See the Appendix for more information about model parameter selection. 13 The elasticities in Table 2 are in line with Hayes et al (2009) . Hayes et al use a partial equilibrium FAPRI model of the world agricultural sector to examine the impact of energy prices and policies on agricultural markets. They assume high energy price scenarios with and without biofuel policies and with and without biofuel demand growth constraints. The most comparable results were the scenarios which assumed an increase in energy price and no change in policies. Based on their reported price results for 14 agricultural commodities, we have calculated the elasticities of agricultural commodities with respect to crude oil price. The elasticities varied between -0.11 to 1.27. Most commodities have elasticity greater than 0.2. Only soybean oil price had a negative elasticity (-0.11). The most elastic was corn (between 0.49 and 1.27 with and without biofuel demand growth constraints, respectively), followed by soybeans (0.22 and 0.57) and wheat (0.23 and 0.52). The least elastic were milk, cheese, beef and cotton prices (between 0.04 and 0.10). 8 be substituted for fuel in farm production when fuel prices rise. Finally, in models 4 and 5, price transmission elasticities without biofuels (columns 9 and 11) were almost unaffected by the nonagricultural fuel demand and fuel supply elasticities, whereas these elasticities decreased in the biofuel scenarios (columns 10 and 12).
Agriculture to fuel to price transmission
To analyse the price transmission from agriculture to fuel market, we assumed a positive productivity shock for both agricultural commodities.
14 The impact of rising agricultural productivity on the fuel market depends crucially on food demand elasticities, i.e. whether they are elastic or inelastic.
Food demand elasticity affects the agricultural fuel demand's market response (i.e. it affects the indirect input channel). Inelastic food demand causes agricultural commodity prices to greatly decrease when agricultural production increases. This implies that the productivity gain is more than offset by decreasing output prices, which ultimately reduces farm profitability, leading to lower agricultural fuel demand. The impact demand that agricultural productivity increase has on the fuel market through the indirect input channel reduced fuel prices, implying a positive transmission elasticity between agricultural and fuel prices. Second, reduced biomass prices make biofuel production profitable. Everything else equal, the direct biofuel channel has two contradictory effects on fuel prices (regardless of food demand elasticities). First, biofuels increase the fuel price, because of more agricultural demand for fuel induced by greater biomass production due to biofuel demand.
Second, biofuels lower fuel price, because biofuels increase fuel supply in the energy market, exerting a downward pressure on fuel pricing.
There are similar aspects for the elastic food demand situation,
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except that now higher agricultural productivity boosts the agricultural fuel demand, leading to a higher fuel price through the indirect input channel (implying a negative price transmission elasticity), while the direct biofuel channel (same as in the previous situation) may offset, weaken or strengthen the overall effect. The transmission elasticities were relatively small (less than 0.1) because of the low share of biofuel production and agricultural fuel consumption on the aggregate fuel market (around 0.8% and 3.3%, respectively, Table 1 ), which scales down the agricultural sector impact on fuel prices. The elasticities were lower with biofuel production than without, in the same way as above for the fuel to agriculture price transmission. Furthermore, the results in Table 2 confirmed that the sign of the price transmission elasticities depended on the food demand elasticities (models 2 and 3). As indicated above, the price transmission elasticities may be positive or negative depending, among others, on the demand elasticities ratio and the relative market sizes between the elastic and inelastic food demands (e.g. see columns 13 and 15 in model 2 versus model 3). Other model parameters also affected the elasticities, but had minor impact due to the low share of the biofuels and the agricultural fuel demand in the fuel market (Table 2 ).
These analyses imply that the food demand elasticity is an important determinant of the price transmission from agricultural to fuel markets. Overall, the indirect input channel implies a positive price transmission elasticity with inelastic food demand, and a negative elasticity with elastic food demand. Biofuels may offset, weaken or strengthen these effects.
Cointegration analysis
Econometric approach
The estimation of price interdependencies using time series data is subject to several issues. First, the theoretical findings from the previous section suggest that fossil energy prices affect agricultural commodity prices and, that agricultural commodity prices may affect fossil energy prices to a lesser extent. Therefore, both fossil energy and agricultural commodity prices are endogenous. In standard regression models by placing particular variables on the right hand side, the endogeneity of all variables sharply violates the exogeneity assumption of a regression equation. This problem can be circumvented by specifying a Vector Autoregressive (VAR) model on a system of variables, because no such conditional factorisation is made a priori in VAR models. Instead, variables can subsequently be tested for exogeneity, and restricted to be exogenous then. These considerations motivate our choice of the VAR model for studying the interdependencies between the energy, bioenergy and agricultural price series.
Second, given that price series are usually non-stationary, the empirical estimation of the VAR model is complicated. According to Engle and Granger (1987) , if some of the series in are nonstationary, the VAR in differentiated data will be wrongly specified, which implies that nonstationary processes have to be analysed differently to stationary processes. One way to deal with non-stationarity is to difference the respective variables to remove random walk and/or trend components and then employ the Box-Jenkins method. The drawback of this approach is that valuable information about the variables' potential long-run relationship is lost. Another way to deal with non-stationarity was proposed by Engle and Granger (1987) , who have shown that even if each of the variables is non-stationary, a linear combination of them might be stationary. This linear combination, which is called the cointegrating equation, may be interpreted as a long-run equilibrium relationship among the variables.
The presence/absence of cointegration determines the specification of the model to be used for causality testing. If the series are cointegrated, then causality testing should be based on a Vector Error Correction model (ECM) rather than on an unrestricted VAR model (Johansen, 1988; Johansen, and Juselius, 1990) . Otherwise, if cointegration is not modelled, the evidence may vary significantly towards detecting causality between the predictor variables. Specifically, the absence of 10 cointegration could mean the violation of the necessary condition for the simple efficiency hypothesis, which implies an absence of a long-run relationship between the oil and agricultural commodity prices. Alternatively, based on the underlying conceptual framework (section 2), a failure to find cointegration may be attributed to the non-stationarity of other components of the underlying relationship between the crude oil and agricultural commodity prices, such as the non-fuel input prices in agriculture.
The concepts of cointegration and error correction will enable us to study both the long-run relationship between the price series and the deviations from their respective long-run trends and gather a better understanding of the food, energy and bioenergy market inter-linkages. However, cointegration as such does not say anything about the causality of the series interdependencies, which however is a central question in our study. For example, one of the oil or agricultural commodities could be a price leader and the others price followers; or, alternatively, none of the commodities might be more important than the others. In the first case, the price of the leading commodity would be driving the prices of the other oil/agricultural commodities (be 'exogenous' to the other prices), and cointegration could be analysed from the equations for the other 'adjusting' prices, given the leader's price. In the second case, all prices would be 'equilibrium adjusting' and, therefore, all equations would contain information about the cointegration relationships. In order to identify the direction of causality, we performed Granger causality tests.
Data
Our data consists of weekly price observations for crude oil and nine major traded agricultural commodities: corn, wheat, rice, sugar, soybeans, cotton, banana, sorghum and tea between 1993 and 2008. 17 Crude oil prices are from the Statistics of Norway (1991 Norway ( -1996 and Energy Information Administration (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) ; agricultural output prices are from the Food and Agriculture Organisation (FAO). 18 Given that these prices are from markets located in major world trade centres, such as US Gulf (maize, wheat, soybeans) or Bangkok (rice), they represent the world price. All prices are border prices, i.e. free on board (f.o.b.) or cost, insurance and freight (c.i.f.) prices in US dollars (USD).
To identify the direct biofuel channel and the indirect input channel, we divided the price series into three equal sample periods: 1993-1998, 1999-2004 and 2005-2010. 19 The data split was based on the structural changes to the production, demand and policies for oil, bioenergy and agricultural commodities. In each period there are 313 10 weekly observations, 939 10 observations in total.
The segmentation of the sample roughly corresponds to structural breaks. The first break accounts for the reduction in the OPEC spare capacity (defined as the difference between sustainable capacity and the current OPEC crude oil production). The effect of this event on price dynamics is evident in 17 The weekly price data for wheat starts from 1998 and for sugar, banana and tea from 1997. Monthly sugar price data is used for this period. 18 See the Appendix for data description and main sources.
19 A similar approach was followed by Campiche et al. (2007) . the data, and it can be summarised in the accelerated rise of the average level of oil prices and in the increased volatility. Furthermore, the biofuel production was relatively low in the first period. The second break is related to increase in bioenergy policy support in developed economies (e.g. EU) and hence stimulating biofuel production. According to the theoretical analysis in section 2, the interdependencies between fuel prices and agricultural prices is expected to be stronger in the third period, when biofuel production expanded significantly This was driven by structural change in the world economy and energy sector leading to a sustained rise in oil prices. Therefore, one may expect that both price transmission channels are active in the third period, while in the first period only the indirect input channel is likely to be present. Usually, empirical studies analyse price interdependencies between energy and agricultural commodities over the whole available period (Yu et al., 2006) , and hence they do not consider the structural breaks in the series. Second, none of the available studies test for different price transmission channels. For example, Campiche et al., (2007), who use the approach closest to ours, does not differentiate between alternative price transmission channels.
Empirical results
We started pre-testing the ten price series for stationarity and determining lag length. The stationarity was tested using the Augmented Dickey-Fuller (ADF) and Phillips Perron tests (PP). Table 3 summarises the ADF test results and Table 4 summarises the PP test results on the level and first differences. The null hypothesis is a unit root for each variable in both tests. Both ADF and PP tests fail to reject the null hypothesis of unit root suggesting that the levels of all ten prices are nonstationary (Tables 4 and 5 , columns 2, 4 and 6). One way to achieve price stationarity is to differentiate/de-trend the series. Both ADF and PP unit root tests of first differences reject the null of a unit root for the ten prices (Tables 4 and 5 , columns 3, 5 and 7). These results suggest that the nine agricultural commodity and crude oil prices in all three periods are integrated of order 1, i.e. they are stationary in first differences.
Based on the unit root test results we determined the lag length, n . The most common procedure is to estimate a vector autoregression using the undifferenced data, and then use the same lag length tests as in a traditional VAR. In STATA, we determined the lag length using the Schwarz Information Criterion and Akaike Information Criterion. Both information criteria suggest the optimal lag length of 1 for all three periods (a maximum of 4 lags was considered).
We then examined whether cointegrating vectors existed among the nine agricultural commodity price series and crude oil. We tested for cointegration between the world market prices for crude oil and each of the nine commodities using the likelihood ratio and trace tests, both of which determine cointegration rank, r . The trace and Max-eigenvalue, max  , statistics obtained for the cointegration rank tests are reported in Table 5. According to Table 5 , the Johansen cointegration test results suggest that there are no cointegration relationships in the first period (1993) (1994) (1995) (1996) (1997) (1998) . Both the trace and Max-eigenvalue, max  , statistics of the cointegration rank tests are lower than the critical values at 10% significance already at the first instance ( o r  ).
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The test results are different for the second period (1999) (2000) (2001) (2002) (2003) (2004) , where both the trace and the likelihood ratio tests rejected the absence of cointegration relation between crude oil and corn, and crude oil, and soybeans price series at 10% significance level, which implies that there is a cointegration relationship between crude oil and corn prices, and crude oil and soybean prices (Table   5) The cointegration test results are even more different for the third period (2005) (2006) (2007) (2008) (2009) (2010) . According to the likelihood ratio test statistics (Table 5) , all nine agricultural commodity prices and crude oil prices contain a cointegrating vector. The trace test results are similar. The presence of a cointegration relationship between the crude oil and agricultural commodities prices suggest that these series tend to move towards an equilibrium relationship in the long-run. These results are in line with Hameed and Arshad (2008) , who investigate the long-term relationship between petroleum and vegetable oils prices (palm, soybean, sunflower and rapeseed oil), and find a long-run equilibrium relationship between the petroleum and palm, soybean, sunflower and rapeseed oil prices.
In general, the results reported in Table 5 are perplexing. A higher significance of the price interdependencies in the third period compared to the first period indicates that there was a direct biofuel price transmission channel. Biofuel production expanded significantly in recent years, which has affected the inter-linkages between fuel and agricultural prices. These results are consistent with the theoretical results shown in Table 2 , where the calibrated elasticities with biofuel production (columns 9/13 and 11/15) are higher than those without (columns 10/14 and 12/16). However, the absence of price interdependencies in the first period (1993) (1994) (1995) (1996) (1997) (1998) is perplexing. In this period, when the biofuel sector was relatively small and was not likely to have affected other markets, fuel prices and agricultural prices are expected to only be interlinked through the indirect input channel. The empirical results indicate that the indirect input channel of price transmission is small and statistically insignificant. This could be due to the fact that we have analysed world agricultural prices which are also affected by production in less developed countries. These countries tend to use less fuel based inputs (e.g. machinery, fertilisers), but more labour intensive technologies. This is consistent with the underlying theoretical framework (Table 2, models 7 and 8), where price transmission elasticities decrease the relative importance of fuel used in agricultural inputs employed in agricultural production.
The fact that corn and soybean prices, which are among the key agricultural commodities used for biofuel production, are cointegrated with oil prices in the second and third period (1999) (2000) (2001) (2002) (2003) (2004) , while 13 the remaining commodities are cointegrated only in the third period (2005) (2006) (2007) (2008) (2009) (2010) (Table 5) , may indicate a delayed price transition particularly for non-biofuel agricultural commodities. As shown in section 2, biofuels affect non-biofuel agricultural commodities through agricultural factor prices (e.g. land, labour). The expansion of biofuels induces a higher production of biofuel agricultural commodities (e.g. corn, soybeans), which in turn increase agricultural factor prices. Higher factor prices push up agricultural production costs raising the non-biofuel agricultural commodity prices.
The delayed price transition may be a result of various institutional and market rigidities present in rural factor markets (e.g. land rental contracts; constrained access to capital). First, biofuel agricultural commodities respond to biofuels, and then, after adjustments in the factor markets, other commodities follow.
Finally, in order to identify a structural model and determine whether the estimated model is reasonable, we performed innovation accounting and causality tests on the error-correction model (model 9). The Granger causality tests suggest long-run unidirectional causality from oil price to agricultural commodity prices. However, the tests deny the presence of a similar relationship in the opposite direction. The coefficients of the error-correction term are highly significant, suggesting that the error-correction term acts as a significant force, which causes the integrated variables to return to their long-run relationship when they deviate from it in all the cases. Furthermore, the magnitudes of the error correction term indicate that it tends to correct the deviation at a low speed.
Based on these results we cannot reject the underlying theoretical model (section 2).
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The impulse response analysis suggests that all agricultural commodity prices are affected by energy prices, including those that are not directly used for bioenergy production. Second, the impact of a positive oil price shock on agricultural commodities is considerably larger than vice versa. In nominal terms (changes in prices, USD), the largest long-run impact of a positive oil price shock (ca.
USD 29/barrel) is on tea prices (ca. USD 50/tonne) and on cotton (ca. USD 40/tonne). In value terms, the impact is smaller on wheat, corn and rice markets (USD 8-12/tonne). The smallest response is estimated for sorghum (ca. USD 3/tonne). These results are in line with the underlying conceptual framework (section 2) 21 and previous studies (Campiche et al., 2007 , Hameed and Arshad, 2008 , and Yu et al., 2006 . The oil price response on agricultural commodity price shocks is insignificant.
The impulse response analysis results allow us to calculate the long-run (ca. 3 years) price transmission elasticities (Table 6 ). Generally, the price elasticities of agricultural commodities with respect to oil (left panel) are larger than the oil price elasticities with respect to agricultural commodities (right panel). Agricultural commodities' transmission elasticity with respect to oil is 20 Apart from the conventional linear Granger test we applied a new nonparametric nonlinear causality testing by Diks and Panchenko (2006) after controlling for cointegration. In addition to the traditional pair-wise analysis, we tested for causality while correcting other variables' effects. The results were similar and therefore not reported. 21 The theoretical elasticities in Table 2 show relatively high values for the causality from oil price to agricultural commodity prices (columns 9-12) and small values (close to zero) for the causality in the opposite direction (columns 13-16). 14 strictly positive: fuel price makes all nine agricultural commodity prices increase. The response size depends, among others, on the biofuel demand for agricultural commodities and on the relative importance of fuel in the agricultural cost input structure. Our findings suggest that price transmission elasticity is higher for those agricultural goods, which are also used for bioenergy production (sugar, soybeans, corn and wheat). According to the underlying conceptual framework, this may occur due to differences in production technologies between agricultural commodities. The magnitude of the estimated elasticities ranges between 0.04 and 0.27 and is in the same range as in Rahim et al. (2008) , who estimate long-run price elasticities for rice and soybeans at 0.16 and 0.32, respectively. Our estimated elasticities, although slightly higher, are also consistent with the elasticities found in simulation studies using Computable General Equilibrium (CGE) models. For example, in the Birur et al. study (2008) The estimated elasticities (Table 6 ) are also in line with the theoretically predicted elasticities (Table 2) in terms of sign, but are lower in terms of magnitude. We assumed perfect market adjustments in the theoretical model. In reality, however, market rigidities and market imperfections may reduce or delay price adjustments.
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The theoretical elasticities reported in Table 2 can be considered as an upper bound.
The estimated elasticities of oil price with respect to agricultural commodity prices are considerably smaller, and for two products (cotton and tea) are even negative (right panel in Table 6 ). Several reasons might be responsible for these results. First, the share of agricultural fuel consumption and biofuel production is relatively small in the total fuel consumption. Second, because the theoretical impact of agricultural prices on the fuel price is ambiguous: the causality between agricultural prices and fuel price through both direct and indirect channels of price transmission could be positive or negative (section 2).
Conclusions
The present paper studied the interdependencies between the energy, bioenergy and food prices.
First, we developed a vertically integrated partial equilibrium market model to theoretically study the interdependencies between fuel prices and agricultural prices. In contrast to previous studies, we considered two price transmission channels: a direct biofuel channel and an indirect input channel.
Among others, we showed that the impact of fuel price on agricultural prices is stronger with biofuel production than without it. Second, we applied time-series analytical mechanisms to nine major traded agricultural commodity prices, including corn, wheat, rice, sugar, soybeans, cotton, banana, sorghum and tea, along with one weighted average, world crude oil prices for the 1993-2010 period.
In order to account for structural breaks, we segmented the price series into three equally sampled 15 periods: 1993-1998, 1999-2004 and 2005-2010 . The main objective was to identify price transmissions' indirect input channel and direct biofuel channel. The interdependencies between fuel and agricultural prices are expected to be stronger in the third period biofuels expanded during this period.
Our empirical findings confirm the theoretical hypothesis that energy prices do affect prices for agricultural commodities and the interdependencies between the energy and food markets are increasing over time. Whereas we did not find any cointegration relationships in the first period (1993) (1994) (1995) (1996) (1997) (1998) , we found that out of nine agricultural commodity prices only corn and soybeans are cointegrated with crude oil prices in the second period (1999) (2000) (2001) (2002) (2003) (2004) . However, the co-integration is weaker (less present) than theoretically predicted, which indirectly indicates that the price transmission indirect input channel is small and statistically insignificant. In the third period (2005) (2006) (2007) (2008) (2009) (2010) we found that the prices for all nine agricultural commodities are cointegrated with crude oil prices, indicating the presence of the direct biofuel channel. The causality tests suggest that there is a long-run Granger causality from oil to agricultural commodity prices, but not vice versa. Based on the innovation accounting results, we calculated the long-run price transmission elasticities. The impulse response analysis results suggest that all agricultural commodity prices are affected by energy prices, including those that are not directly used for bioenergy production. The impact of a positive oil price shock on agricultural commodities is considerably larger than vice versa. The magnitude of the long-run price transmission elasticities varies between 0.04 and 0.27 (or the fuel price increase by USD 1/barrel increases agricultural commodity prices between USD 0.09/tonne and USD 1.65/tonne).
Our findings are highly important for policy makers, as they explain the role of biofuels (and biofuel policies) in determining agricultural prices. According to our results, the biofuel channel is a more important driver of agricultural price changes rather than the input channel. These results suggest that policies, which stimulate biofuel production (which is the case of many developed countries), may indeed have an impact on food prices and that their impact is stronger than that of higher energy costs in agriculture. These findings contradict some recent statements made by EU and US policy executives who try to play down the role of bioenergy policy spillovers to the food and energy prices.
Appendix: Model assumptions and parameter values
The data used to calibrate the model are shown in Table 1 . We used two values (upper and lower bound) for each key parameter to analyse the sensitivity of the results. We proxied the share of fuel on total farm costs with the cost share of energy in the total agricultural cost structure. The energy cost share (e.g. fuel, electricity) varies significantly across regions. There are particularly strong differences between developed and developing countries. OECD (2000) -0.7 (e.g. Floyd, 1965; de Crombrugghe et al., 1997; OECD, 2000; Ciaian and Swinnen, 2009) . We used the elasticity -0.5 for the lower bound. Elasticity size in terms of whether the food demand is elastic or inelastic has an important implication on the results. For this reason the upper value was set to -1.5. For the by-product demand elasticity we assume a value equal to -1.0.
We did not perform sensitivity analyses with the by-product demand elasticity.
We used land supply elasticity, N  , of 0.2 and 1.5. In empirical studies the land supply elasticity is usually found to be rather low, mostly due to natural constraints. For example, based on an extensive literature review Salhofer (2001) concludes that a plausible range of land supply elasticity for the EU is between 0.1 and 0.4. Similarly, Abler (2001) finds a plausible range between 0.2 and 0.6 for the US, Canada and Mexico. However, the FAO (2008) reports a substantial amount of additional landup to 2 billion hectares -potentially suitable for crop production. Fischer (2008) estimates that between 250 and 800 million hectares are potentially available for expanded crop production after excluding forest land, protected areas and land which needs to meet increased demand for food crops and livestock. We used a relatively high upper value for land supply elasticity (1.5) also because the land input is a proxy for all non-fuel inputs in our model. Supply elasticities of non-fuel and non-land inputs vary widely: between 0.1 and 3 (Balcombe and Prakash, 2000; OECD, 2000; Thijssen, 1988) , because it covers a wide range of inputs (e.g. fertilisers, labour), which have various reactions to prices.
We based our assumption for non-agricultural fuel demand elasticity on the studies which estimate the demand elasticity for all sectors in the economy. Studies estimating elasticity separately for nonagricultural fuel demand are not available. The estimated values lie between -2.0 to 0.3, but most studies place the this number between -1.0 and 0.0 (e.g. Brons et al., 2006; Hemery and Rizet, 2007; Krichene, 2002; Greene et al., 1995; Pindyck, 1979) . We used non-agricultural fuel demand elasticity, NF  , in the model equal to -0.5 and -1.5.
The estimates of the fossil fuel supply elasticity vary in the literature between -0.40 and 1.0 (Krichene, 2002; Greene et al., 1995; Ramcharran, 2002; Reynolds, 2002) . There is evidence that OPEC countries have negative elasticity explained by the target revenue hypothesis accompanying the backward-bending supply curve, while non-OPEC countries show positive supply elasticity (Ramcharran, 2002) . In general, the short-run elasticities of fossil fuel demand and supply are very small in comparison to their long-run elasticity. The long-run fuel market elasticities are about ten times greater than short-run elasticities (Huntington, 1991; 1994; Greene et al., 1995; Krichene, 2002) . We used fossil fuel supply elasticity, of biofuel production in total fuel production = 0.8%; share of agricultural fuel demand in total fuel demand = 3.3%; share of biomass used for biofuels in total biomass production = 3.3%; share of land used for biomass production in total land use = 48.5%; share of land used for biofuels in agricultural land use = 1.6%. See Appendix for literature sources of model parameters. 
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